Composites are widely used in several applications ranging from automotive to aircraft industry due to their high strength to weight ratio. More often than not drilling on these composite laminates are conducted to serve some functional or aesthetic requirement. Delamination caused due to drilling pose a severe problem to the integrity of the structure. It is often not possible to develop an exact mathematical model to predict the delamination associated with such drilling. So, in this paper, an empirical model is developed based on the extensive experiments performed on polyester composite reinforced with chopped fibreglass. To account for the various parameters a Box-Behnken design of experiments is conducted for four parameters (material thickness, drill diameter, spindle speed, and feed rate) each having threedistinct levels. Genetic Algorithm (GA) and Particle Swarm Optimization (PSO) techniques are then used for predicting the global optimum (minimum delamination factor). The performance of both GA and PSO in terms of predicting the global optimum is found to be same. However, PSO converged much faster and required far lesser computational time.
INTRODUCTION
Nowadays, GFRP composites are being preferred over conventional materials in a variety of engineering applications because of their high strengthto-weight ratios, thehigh value of stiffness and excellent corrosion resistance. So, it is essential to understand the machining behaviour of GFRP composites. Several hole-making processes, such as conventional drilling, laser beam drilling, water-jet drilling, ultrasonic drilling,etc. have been proposed in industry, but conventional drilling remains most preferred and adopted technique in the industry even today because of the greater economy. Thus, fundamental understanding on machining of GFRP composites is essential to perform controlled machining assessments under drilling processes. GFRP drilling is acritical machining operation for theassembling of the components in the manufacturing industries, particularly in automobile and aerospace industries. Delamination and surface roughness are the major problems associated with the drilling of fibre reinforced composite, which results in failure of the materials [1] . Singh et al. in an effort tominimize the damage induced in adrilling operation and concluded that a mathematical model consisting of thrust force, torque and feed rate coupled with a suitable control law couldbe used for delaminaFull Article tion free drilling of composites [2] . Bagci and Isik investigated the effect of process parameters such as cutting speed, depth of cut and feed rate in orthogonal cutting tests on unidirectional glass fibre reinforced polymers (GFRP), using Cermet tools [3] . Abhishek et al. explored NSGA II for the selection of optimal process parameters during machining of GFRP composites and developed a set of optimal non-dominated solutions which gives the manufacturer more flexibility in decision making in machining process [4] . Rawat and Attia have investigated the influence of feed rate and speed on the damage mechanisms like delamination, surface roughness, thermal damage and hole circularity in thedrilling of carbon fibre composites using machinability maps. They observed that the effect of tool wear couldbe established due to changes in the thrust and cutting forces using the quality maps [5] . Krishnamoorthy et al. established a second-order mathematical technique using response surface methodology (RSM) for the predictingdelamination in the drilling of CFRP composites by using carbide tool [6] . Latha et al. [7] performed multiple regression analysis to model the drilling parameters involved in thedrilling of GFRP composites. They concluded that feed rate and drill diameter are the most influential parameters. Gao et al. developed a [8] (3D) microme-K.Kalita, P. K. Mallick, A.K. Bhoi, R. K.Ghadai chanical finite element model to study the machining of fibre-reinforced composites. Feito [9] tried to optimise the drilling of composites by using a multiobjective optimisation approach. A similar study has been conducted byRamprasath et al. [10] to predict optimum mechanical properties in composites. Jayabal and Natarajan [11] used an L9 orthogonal array constituting the effect of drill diameter, spindle speed and feed rate on thrust force, tool wear etc. while drilling a coir-fibre-reinforced polyester composite.
To screen and classify the different factors involved in any such process, parameter optimisation is often carried out. However, before applying any such technique, rigorous experimentation is needed. Further, to draw meaningful conclusions from these experiments, it is necessary that these experiments are statistically significant.The design of experiments based on response surface method (RSM) is perhaps the most favoured ones because often far lesser trials are needed as compared to a full factorial design. However, developing a statistically significant model is a much easier task as compared to searching a 3 or more-factor domain for maximising or minimising an output response [12] . It is physically impossible to perform experiments to determine an optimum parameter setting. This is where evolutionary algorithms like genetic algorithm (GA) and particle swarm optimisation (PSO) comes handy. GA is a computer-based search algorithm suitable at optimising a variety of functions. Compared to GA, the PSO is arelatively much newer evolutionary algorithm and like GA starts by randomly implementing a set of possible solution (particles). By encoding the design variables as bits, GA is inherently discrete whereas PSO is inherently continuous [13] . The fundamental difference in both the algorithms lies in the fact that GA relies on genetic operators whereas PSO relies on its memory of previous generation's velocity and position. Although there have been some notable contributions in the field of drilling in FRP composites, there is still some lacuna which presentsan excellent scope for study. One of the key areas where there is still much scope of work to be done is the drilling of chopped GFRP laminates, as very little work has been done on this material amongst all the FRP laminates. Hence in this research, an attempt is made to select the optimal parametric combination for drilling of polyester composite reinforced with chopped fibreglass for reducing the delamination. The manuscript is arranged in the following form. A brief overview regarding the motivation of the problem and the progress made so faris presented in section 1. Section 2 provides a brief description of the methods used namely, response surface methodology (RSM),genetic algorithm (GA) and particle swarm optimisation (PSO). Section 3 covers the description regarding the work material and the experiments performed. The statistical analysis of the experiments and formation of the mathematical model is covered in section 4. Section 4 also highlights the use of GA and PSO as suitable optimisation techniques for the current problem. Some conclusions based on the study are drawn in the final part of the manuscript.
METHODOLOGY 2.1 Response Surface Methodology
Response surface methodology (RSM) generates an approximate equation relating the independent (input) parameters to the dependent (output) parameters [14] . The inherent statistical and mathematical analysis fits an equation of the following form,
Here, f denotes the approximate response surface and ε is the normally distributed statistical error. ξ represents each independent parameter while n is the maximum number of independent parameters. In general, one of the following models may be fitted, First-order model:
Genetic Algorithm
GA is good at taking substantial search spaces and navigating them, looking for optimal combinations of parameters and predicting solutions. However, it is not just looking for the 'best' solution; it looks for a good and robust solution rated against certain fitness benchmark. Thus, it searches for global fitness by circumventing local optima. It works on Darwin's principle of natural selection [15] .The GA begins with a population of randomly generated structures where each structure encodes a solution 
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Particle Swarm Optimization
Optimizing Drilling Induced Delamination in GFRP Composites using Genetic Algorithm& Particle Swarm Optimisation to the specified optimisation problem. It proceeds to evolve generations. During each generation, the Genetic Algorithm improves the structures in its current population by performing selection followed by crossover, followed by mutation.
Another popular heuristic optimiser is Particle Swarm Optimization (PSO). GA is an evolutionary algorithm whereas PSO is a swarm intelligence algorithm [16] . PSO is an algorithm that was first used to model the social behaviour of birds and fish in nature [17] . It has since developed into a widely researched algorithm to approximate solutions to many kinds of problems. It works by first assuming a swarm of 'n' particles. In the beginning, these particles are semi-randomly distributed throughout the search space. Each particle starts off with a random velocity. After a pre-set amount of time, every particle in the swarm notes its current position and measures the fitness. If it is lower than any fitness, it has personally seen before, it will remember. At this point every particle gets to decide if it wants to explore more, to head toward either the personal best or the global best. Their velocity is adjusted accordingly. This occurs for some predetermined number of iterations.
EXPERIMENTAL DETAILS 3.1 Work material & equipment
Polyester composite reinforced with chopped fibreglass is taken as the work material in the current investigation. The composite laminates are prepared by using the hand layup technique. Methyl ethyl ketone peroxide is used as a hardener in the polyester matrix, which is reinforced by an E-glass, chopped strand mat. Square samples of size 150 mm X 150 mm are used in the experiment. The laminates had a glass fibre volume fraction of 0.33, tensile strength 70 MPa and Barcol hardness 40.5. High-speed steel (HSS) taper shank twist drills of Addison & Co. Ltd., India make with twist drills of diameter 10 mm, 12 mm and 14 mm of Grade M2 are used. The vibrations/axial movements of the workpiece are avoided by using a clamping system to perform the drillings. A make toolmakers' microscope with a 30X magnification of Carl Zeiss Ltd make is used to measure the parameters Dmax, i.e. maximum diameter and D 0 , nominal diameter at the entrance of the drill hole. A schematic diagram for calculating the delamination factor is shown in Fig. 1 . To reduce any experimental error, each reading is repeatedthrice, and the average value is considered. The following formula then calculates the delamination factor,
Experimental planning
In this paper, the Box-Behnken method of RSM design is used. These designs are far more competent than the conventional 3k factorial designs. Four parameters namely, material thickness (t), drill diameter (D), spindle speed (N) and feed rate (f) are studied to find their effect on delamination in GFRP composite. Each parameter is coded into three levels -1, 0 and 1. Table 1 shows the input parameters and their levels considered. The experimental run sequence based on the Box-Behnken RSM design is shown in Table 2 . For the sake of brevity, the ANOVA for the full quadratic delamination factor model is not presented here. Table 3 presents the ANOVA results for reduced quadratic response surface model for delami- and predicted R 2 values should be within 20% of each other, which is well satisfied in this case. The Model F-value of 32.17 implies the model is significant. There is only a 0.01% chance that an F-value this large could occur due to noise. Values of Prob > F is less than 0.0500 signifying that the model terms are significant. Also, the signal to noise ratio, i.e. the adequate precision is stronger in the reduced quadratic model. Thus, the reduced quadratic model is accepted and yield the following empirical equation to measure delamination factor, Fig. 2 shows a normal probability plot of externally studentized residuals for delamination factor. It is For the sake of brevity, the ANOVA for the full quadratic delamination factor model is not presented here. Fig. 2 shows a normal probability plot of externally studentized residuals for delamination factor. It is seen that most
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of the residual data points lie on a line or very close to it which means that the errors are normally distributed. seen that most of the residual data points lie on a line or very close to it which means that the errors are normally distributed. Further, there is no cluster of residuals at one place which means that there are no ties in the data, thus implying that the measuring resolution is adequate. Also, no significant outliers are seen in the plot. Fig. 3 shows the variation of predicted response versus the externally studentized residuals for delamination factor. The random scatter of the data points in Fig 3 suggest that the assumption of constant variance is not violated in the present model. Thus, the proposed model is adequate. Using the reduced quadratic response surface model, the effect of the process parameters on delamination factor is investigated. Fig. 4 shows the interaction effect of material thickness and spindle speed on delamination factor at various levels of feed rate and drill diameter. In general, delamination factor increases with increase in feed rate. Behera et al. [18] and Rubio et al. [19] has also reported a similar trend. This isbecause higher feed rate induces higher thrust forces, thereby causing more delamination. Also, the material removal rate and the contact surface increases at the higher feed which is responsible for the additional delamination. It is also seen that the delamination increases as the drill diameter are increased, given that all other parameters are kept same. The greater contact and larger thrust force due to larger drill diameter are responsible for this. For the sake of brevity, the ANOVA for the full quadratic delamination factor model is not presented here. Fig. 2 shows a normal probability plot of externally studentized residuals for delamination factor. It is seen that most
of the residual data points lie on a line or very close to it which means that the errors are normally distributed.
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Fig . 5 show that the effect of feed rate and spindle speed at different levels of material thickness and drill diameter.
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In general, delamination decreases with increase in material thickness. At lower spindle speeds, the change in drill 169 diameter has anegligible effect on the delamination factor. However, as the spindle speed is increased, the increase 170 in drill diameter enhances the delamination in the composite. Overall from all the interaction plots, it is evident that 171 at alow feed rate and low spindle speed, delamination is lesser. This is in direct agreement with the conclusions ofBehera et al. [18] ; Vankanti and Ganta [20] ; and Hansda and Banerjee [21] . Vankanti and Ganta [20] have used an L9 orthogonal array for thedesign of the experiments and used an ANOVA test to determine the significance of the parameters. Hansda and Banerjee [21] had also used a similar L9 orthogonal array to arrive at the same conclusion.
Latha et al. [7] have also reported that combination of spindle speed and feed rate also affects the delamination in 176 drilling of GFRP composites.The delamination can be further reduced by combining the low feed rate and low
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spindle speed settings with a higher laminate thickness. Srinivasan et al. [22] have reported that a higher spindle 178 speed is beneficial in reducing the delamination as it softens the polymer due to high tool traverse. However, in the 179 current study delamination is found to be less at a lower spindle speed. One of the possible reason for this 180 Fig. 5 show that the effect of feed rate and spindle speed at different levels of material thickness and drill diameter. In general, delamination decreases with increase in material thickness. At lower spindle speeds, the change in drill diameter has anegligible effect on the delamination factor. However, as the spindle speed is increased, the increase in drill diameter enhances the delamination in the composite.
Overall from all the interaction plots, it is evident that at alow feed rate and low spindle speed, delamination is lesser. This is in direct agreement with the conclusions ofBehera et al. [18] ; Vankanti and Ganta [20] ; and Hansda and Banerjee [21] . Vankanti and Ganta [20] have used an L9 orthogonal array for thedesign of the experiments and used an ANOVA test to determine the significance of the parameters. Hansda and Banerjee [21] had also used a similar L9 orthogonal array to arrive at the same conclusion. Latha et al. [7] have also reported that combination of spindle speed and feed rate also affects the delamination in drilling of GFRP composites.The delamination can be further reduced by combining the low feed rate and low spindle speed settings with a higher laminate thickness. Srinivasan et al. [22] have reported that a higher spindle speed is beneficial in reducing the delamination as it softens the polymer due to high tool traverse. However, in the current study delamination is found to be less at a lower spindle speed. One of the possible reason for this contradiction is perhaps the fact that the +1 level, i.e. the higher level considered by Srinivasan et al. [22] is 5000 rpm whereas in the current study the upper level is at merely 1100 rpm. Also, it is worth mentioning here that Srinivasan et al. [22] had used a polypropylene matrix as compared to thepolyester matrix utilized in this study.
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Before proceeding to optimise the process parameters involved in the drilling of GFRP composites by a genetic 185 algorithm or particle swarm optimisation, it is essential to verify the performance of the selected RSM model. 
Performance of the mathematical model
Before proceeding to optimise the process parameters involved in the drilling of GFRP composites by a genetic algorithm or particle swarm optimisation, it is essential to verify the performance of the selected RSM model. Fig. 6 shows the comparison of the predicted delamination factor calculated using Eqn. 15 and the experimental output. It is seen that the present model predicts the delamination factor in the drilling of GFRP composites with very high accuracy. The most variation (2.5%) in the predicted and the measured values is seen in the trial no. 9.
Other than this particular case the model is quiteaccurate, and an overall average variation of only 0.86% is seen. 
Predicting the optimal process parameters by GA
The mathematical model for delamination factor in the drilling of GFRP composites formed using the Box-Behnken RSM method is used as the objective function for optimisation using a genetic algorithm. A FORTRAN code is compiled for executing the GA. The problem is formulated as an unconstrained optimisation problem where the objective is to minimise delamination factor. i.e. minimise delamination factor, with the limits,
The various GA parameters considered in the run are-chromosome length 16, Population 100, Generations 100, Crossover rate 0.90 and Mutation rate 0.02. For the current problem, several combinations of crossover and mutation probabilities were tried and this particular combination was found to be the best in augmenting the explorative and exploitative traits of the GA. The high crossover allows the GA to maintain the 'good structures' in 'fit individuals' while the low mutation ensures that key genetic traits are not lost while flipping a bit randomly. Fig. 7illustrates the performance of the GA across the generations. Though at the end of generation 1 the average fitness is seen to be a little higher than the best fitness in the same generation, the average fitness sharply drops till 25 generation, after which it zig-zags around the best fitness line. This is because since the GA randomly creates a population of 100 individuals, it is quitepossible to have some individuals much superior to the rest of the population. As the generations progress, the GA compares 'the best so far' individual to the best of the current generation and continue to carry forward the better of the two. In here the best solution from 1 st generation is replaced by a better solution found in the 2 nd generation, and the process goes on until a global best is achieved in the 23 rd generation. The optimum combinations of parameters predicted by the GA are reported in Table 4 along with the predicted maximum delamination factor.
Predicting the optimal process parameters by PSO
Another FORTRAN code iscompiled to implement the PSO technique. Swarm size plays a crucial role in PSO, and robustness and computation cost of the algorithm is also affected by it. Small population size may result in local convergence; large size increases computational efforts and may make slow convergence [23] . Thus, in the present study, a particle size of 100, inertia weight linearly decreasing from 0.90 to 0.40 and c1=c2=2 is considered. The PSO is allowed to run for 100 generations to make a meaningful comparison with the GA in terms of accuracy and computational speed. It is seen from Fig.  8 that the PSO algorithm rapidly converges to the global optimum in this case. Though the same global optimum, i.e. the minimum delamination factor is predicted by both the GA and the PSO algorithm, it is seen that the PSO issomewhat faster in locating the optimum. The GA located the global optimum in the 23 rd generation whereas the PSO was able to attain this in its 16 th solution. Moreover, the computational time for optimised response in case of PSO (0.72 s) was found to be lesser than the GA (3.25 s). Confirmation experiments are also carried out to convergence; large size increases computational efforts and may make slow convergence [23] . Thus, in the present 214 study, a particle size of 100, inertia weight linearly decreasing from 0.90 to 0.40 and c1=c2=2 is considered. The
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218
PSO algorithm, it is seen that the PSO issomewhat faster in locating the optimum. The GA located the global 219 optimum in the 23 rd generation whereas the PSO was able to attain this in its 16 th solution. Moreover, the 220 computational time for optimised response in case of PSO (0.72 s) was found to be lesser than the GA (3.25 s).
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Confirmation experiments are also carried out to validate the GA & PSO predictions and are reported in Table 4 . 
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